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ScalingThe BOLD signal measured in fMRI studies depends not only on neuronal activity, but also on other parame-
ters like tissue vascularization, which may vary between subjects and between brain regions. A correction for
variance from vascularization effects can thus lead to improved group statistics by reducing inter-subject
variability. The fractional amplitude of low-frequency ﬂuctuations (fALFF) as determined in a resting-state
scan has been shown to be dependent on vascularization. Here we present a correction method termed
RESCALE (REsting-state based SCALing of parameter Estimates) that uses local information to compute a
voxel-wise scaling factor based on the correlation structure of fALFF and task activation parameter estimates
from within a cube of 3×3×3 surrounding that voxel. The scaling method was used on a visuo-motor para-
digm and resulted in a consistent increase in t-values in all task-activated cortical regions, with increases in
peak t-values of 37.0% in the visual cortex and 12.7% in the left motor cortex. The RESCALE method as pro-
posed herein can be easily applied to all task-based fMRI group studies provided that resting-state data for
the same subject group is also acquired.
© 2012 Elsevier Inc. Open access under CC BY-NC-ND license. Introduction
Functional magnetic resonance imaging (fMRI) is an established
method used to investigate brain activity by acquiring blood oxygen-
ation level dependent (BOLD) MR signal. The BOLD signal reﬂects
changes in the concentration of oxygenated and deoxygenated hemo-
globin, which in turn are robustly associated with neural activity
(Logothetis and Wandell, 2004). Still, a signiﬁcant amount of BOLD
signal variability can be attributed to physiological factors such as
local differences in vascularization of tissue, arterial CO2 concentra-
tion, or cardio-respiratory activity (Logothetis, 2008). As most fMRI
studies focus on neural activity, a correction for physiological inﬂu-
ence factors is desirable to extract from the measured data a signal
more speciﬁc to the signal of interest (Harvey et al., 2008; Hutton et
al., 2011; Lu et al., 2010).
In fMRI studies, a general distinction can be made between
task-based and resting-state fMRI experiments. While the former
concentrate on neural activation induced by external stimuli or per-
formance of speciﬁc tasks, the latter aim at investigating intrinsicien.ac.at (C. Windischberger).
-NC-ND license. neural activity in the absence of external intervention. On this basis,
resting-state fMRI (rs-fMRI) has been shown to reﬂect deep patterns
of brain organization, and substantial effort has been made to investi-
gate and interpret correlations between BOLD signal time courses of
spatially remote brain regions in rs-fMRI, leading to the identiﬁcation
of so-called resting-state networks (Biswal et al., 2010; Kalcher et al.,
2012). These resting-state networks represent partitions of the brain
characterized by the similarity of their signal time courses in the
low-frequency range (typically between 0.01b fb0.1 Hz). The most
commonly used approaches to assess similarity, however, only take
into account the correlation structure of signal time courses in various
volume elements and leave aside other aspects like signal amplitude.
A distinct approach to the analysis of rs-fMRI data lies in examining
measures relating to the single voxel instead of the relation between
voxels — one instance being the Amplitude Of Low Frequency Fluctu-
ations (ALFF) of the measured BOLD signal (Zang et al., 2007), which
have been demonstrated to be related to physiological properties of
brain tissues (Kannurpatti et al., 2011). Based on the assumption
that physiological effects on the BOLD signal during resting-state
can be directly related to physiological effects during task-based ex-
periments, a logical next step would be to use information gained
from rs-fMRI scans for reducing the amount of unexplained variance
in task-based fMRI measurements. Indeed, strong evidence for a
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ﬂuctuations and task activation magnitudes has been put forward
by Mennes et al. (2010), (2011), who explored this relationship for
both ALFF and functional connectivity.
The attempt to compensate for individual non-neural variability in
order to improve on comparability of task activation magnitude can
be made by scaling the BOLD response, reducing variability both
between different regions in a single brain and between different sub-
jects. Increasing comparability is of particular interest in the light of
the current trend toward data sharing (Biswal et al., 2010) and
meta-analyses comparing heterogeneous datasets from different cen-
ters (Huf et al., 2011). Early work on this topic concentrated on speciﬁc
paradigms aimed at directly indentifying physiological variations for
the correction of task-induced activity, for example by periodic inhala-
tion of CO2-enriched air using breathing masks (Kannurpatti and
Biswal, 2008) — a method perceived as excessively invasive by some
subjects. In contrast, Thomason et al. (2007) used a design based on al-
ternating periods of breath holding and normal respiration as a less
invasive method to assess effects of changes in relative O2 and CO2
blood concentrations on the BOLD response. Using this design, they
established a relationship, both on group-level between subjects and
on single-subject level between voxels and ROIs, of speciﬁc brain re-
gions' BOLD reactivity to global alterations of blood oxygenation on
the one hand andmagnitude of task-induced activation in these regions
on the other. Of note, the correlation on single-subject level was only
present in voxels activated by the task, and could not be observed in
voxels inactive during the task.
Both the correctionmethods based on CO2-inhalation and on breath
holding, however, are typically inapplicable in clinical populations due
to limited subject compliance for the former or due to the extreme sen-
sitivity tomotion artifacts for the latter. In contrast, scaling of fMRI data
based on resting-state scans bears the advantage that it can be easily
implemented since rs-fMRI can be employed in most non-clinical and
clinical subject populations and, indeed, already is a widely used
method.
Following this line of reasoning, Kannurpatti et al. investigated the
relationship between task activationmagnitude and resting-state ﬂuctu-
ation amplitude (RSFA) from resting epochs during the paradigm of
interest (Kannurpatti and Biswal, 2008) as well as from separate
resting-state scans (Kannurpatti et al., 2011, 2012). In a complementary
approach, scaling based on the power spectrum of low frequency ﬂuctu-
ations as a correlate of physiological factors inﬂuencing the BOLD signal
has been developed by Biswal et al. (2007). In their study, the power
spectrum of the fMRI signal of the paradigm was obtained by applying
discrete Fourier transformation on the signal time course and calculating
the square of the modulus of the Fourier spectrum for each frequency
component; the resulting low frequency spectral amplitude (LSFA) was
then used for signal scaling.
Other measures based on the power spectrum of separate resting-
state scans have been proposed for use in task-fMRI scaling. Probably
themostwidely used are ameasure termedAmplitude of LowFrequency
Fluctuations (ALFF), themean square root of low frequency components
(0.01b fb0.08 Hz) of a signal's power spectrum, and the related fraction-
al ALFF (fALFF) (Zou et al., 2008). The latter, based on the proportion of
the power of the frequency components between 0.01 and 0.08 Hz to
the total power of the signal, can be seen as a formof normalization lead-
ing to improved between-subject comparability: ALFF values have
been shown to increase in the proximity of brain vessels or CSF,
probably due to pulsations in these areas, while fALFF values are
more robust with respect to this source of variability (Mennes et
al., 2011; Zou et al., 2008, 2012). In particular, Mennes et al. (2011)
explored the inter-subject correlation linking activation magnitude
in task-based fMRI experiments using fALFF, revealing the potential
of inter-subject scaling based on spectral measures gained from
rs-fMRI datasets. Furthermore, in comparing the results from the
prediction of task activation by fALFF with the prediction based onALFF, they also found that fALFF was more robustly associated with
task activations than ALFF. Thus, the evidence converges towards
the conclusion that fALFF is best suited for the purpose of scaling
fMRI based on spectral resting state amplitude measures.
Recently, Di et al. (2012) proposed a more speciﬁc approach to using
ALFF for the correction of fMRI task activations by not only scaling on a
global level with a constant scaling factor for the whole brain, or with a
scaling factor taking into account one voxel only, but to use information
from all voxels in one subject to assess the strength of relationship be-
tween ALFF and task activation magnitude individually for each subject,
thus gaining a more speciﬁc scaling factor. They computed a scaling fac-
tor based on an estimate for a linear relationship between task activation
magnitude and ALFF across all voxels of each subject's brain, leading to
some improvement in t-values. Their results suggest that the correlation
structure over multiple voxels can be taken into account to obtain more
precise information for scaling, and the subject-wise correlation coefﬁ-
cient between ALFF and task activation proved useful in this respect.
Still, the correlation between ALFF and task activation magnitude was
not uniform in all regions of the brain, and the improvement achieved
by their scaling method was limited by the simpliﬁcation of modeling
the complex relationship between task activation and ALFF as a single
linear model for each subject, disregarding variation across the brain.
In the present study, we investigated a novel scaling approach
termed RESCALE (REsting-state based SCALing of parameter Estimates)
that is based on the local linear relationships between fALFF and task ac-
tivationmagnitude. More speciﬁcally, a scaling factor was calculated for
each voxel based on the linear model ﬁtted on the data from the 27
voxels in its immediate vicinity, predicting task activation magnitude
from fALFF values: the slope of the regression model thus obtained
can be seen as a quantiﬁcation of the hemodynamic reactivity of this
speciﬁc subject in this speciﬁc brain area. Individual-subject data can
then be divided by a scaling factor based on this slope to reduce
voxelwise between-subject heterogeneity.
Methods
Subjects
Forty-seven healthy right-handed subjects (21 males, age 24.1±
4.7) were recruited at Medical University of Vienna (Vienna, Austria).
Exclusion criteria included previous psychiatric or neurological illness
as well as the usual exclusion criteria for MRI studies. The subjects
gave written informed consent prior to measurements and the study
was approved by the institutional review board.
Tasks
Each subject underwent two fMRI paradigms: ﬁrst, a right-hand ﬁn-
ger tapping task for which subjects were instructed to alternately touch
their right index andmiddle ﬁnger with their right thumbwhen shown
a ﬂickering checkerboard (8 Hz) on the projection screen. This visuo-
motor paradigm (VMP) consisted of 6 blocks of ﬁnger tapping, with a
duration of 10 s each, alternating with 7 blocks of rest of the same dura-
tion where subjects had to focus on a ﬁxation cross. Second, subjects
underwent a 6 min resting-state scan with eyes open, again looking at a
ﬁxation cross. All subjects also performed other fMRI paradigms during
the scan sessions. The VMPwas always the ﬁrst task, the other fMRImea-
surements (including the resting-statemeasurement)were performed in
random order. In total, each subject performed between 2 and 6 other
fMRI paradigms between the VMP and the resting-state measurement.
Data acquisition
MRI measurements were performed on a Siemens Magnetom TIM
TRIO 3T scanner using a 32-channel head coil. High-resolution ana-
tomical images were acquired using an MPRAGE sequence with
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2300 ms, ﬂip angle 9, inversion time 900 ms). Functional images were
acquired with a gradient-echo EPI sequence (TE/TR=42/1800 ms,
ﬂip angle 90), with 75 volumes for the VMP and 200 volumes for the
resting-state measurement.
Preprocessing
All data were preprocessed using a combination of AFNI (Cox, 1996)
and FSL (Smith et al., 2004). Anatomical images were skullstripped and
normalized to theMNI152 standard space. Functional images from both
scans underwent slice-timing correction (Sladky et al., 2011), intensity
bias correction (using the bias ﬁeld map estimated by FSL FAST) and
volume registration, were coregistered to the anatomical images in
the native space, resampled to 1.484 mm (the in-plane resolution of
the EPI images) isotropic voxels, despiked (using AFNI 3dDespike),
and masked with the skullstripped anatomical image. Following these
steps common for the preprocessing of both scans, the pipeline for
task and resting-state data diverged. Task time courses were trans-
formed to percent signal change and activation maps were computed
using a general linear model (GLM) in AFNI. Stimulus regressors were
modeled as a superposition of boxcar functions each convolvedwith a ca-
nonical hemodynamic response function, and motion parameters were
included as nuisance regressors of no interest. Resting-state data were
corrected via a GLM approach, using white matter, CSF and global signal
as well as motion parameters as nuisance regressors (Weissenbacher et
al., 2009). Global signal regression (GSR), thoughdebated as a preprocess-
ing step in resting-state studies (Murphy et al., 2009; Saad et al., 2012),
has been used to reduce the effect of global signal ﬂuctuations on local
fALFF estimates. The reason to include GSR nonetheless was that its
main criticism relates to its introduction of negative correlations between
time courses, which are not of interest in this study, and there is as yet no
evidence of bias introduced by GSRwith respect to spectralmeasures like
fALFF. However, GSR reduces the inﬂuence of global signal confounders
and thus improves the speciﬁcity of the signal on a local level. Note that
smoothing of the data was not generally part of the preprocessing for all
analyses, as will be detailed below.
Fractional ALFF
From the resting-state data, fractional ALFF (Zou et al., 2008) maps
for each subject were computed using R 2.14.1 (R Development Core
Team, 2011) on Ubuntu Linux 10.04.4 Lucid Lynx, employing the com-
putational framework described in Boubela et al. (2012). For each
voxel, resting-state time courses underwent discrete Fourier transfor-
mation, and the proportion of the power spectrum between 0.01 and
0.08 Hz relative to the sum of the power of all frequencies (from
0.0028 to 0.28 Hz, the Nyquist frequency for the TR of 1.8 s) was com-
puted as the fALFF value.
Standard group analyses
To assess task activation and fALFF distribution on group level, stan-
dard group analyses were performed on both datasets. For the VMP
data, smoothing with a 6 mm FWHM Gaussian kernel was performed
on single-subject results and voxelwise t-tests were computed over all
subjects. For the resting-state data, single-subject fALFFmapswere anal-
ogously smoothed with a 6 mm FWHM Gaussian kernel and voxelwise
group mean values were computed.
Voxelwise inter-subject correlation
To assess the relationship between task activation magnitude and
fALFF at inter-subject level, voxelwise correlations between all subjects
task activation beta coefﬁcients and fALFF, both smoothedwith a 6 mm
FWHM Gaussian kernel, were computed. Correlation coefﬁcients weretransformed to z-scores using the Fisher transformation and p-values
computed for these z-scores were used to assess the signiﬁcance of cor-
relation strength.
Intra-subject correlation
The relationship between task activation magnitude and fALFF at
single-subject level was evaluated at a local level using the original,
non-smoothed data. For each voxel, a linear model was ﬁt for the 27
fALFF and task activation values of the voxel itself and its direct neighbors
(forming a cube of 3×3×3 voxels) with the task activation beta coefﬁ-
cients as the dependent and the fALFF values as the explanatory vari-
ables. The correlation between these two variables as well as the slope
of the linearmodelwere interpreted as localmeasures of the relationship
between fALFF and task activation magnitude. Note that non-smoothed
data were used for the assessment of local correlation since smoothing
would bias the correlation structure of neighboring voxels.
RESCALE task activation magnitude correction
Cubewise local slopes (i.e. the local slopes within the cubes of
3×3×3 voxels described above) were used for voxelwise signal scal-
ing at single-subject level. For each subject, right-hand ﬁnger tapping
task activation parameter estimate maps were corrected with a nor-
malization factor, termed slope correction coefﬁcient (SCC), based
on the (cubewise) local slope between fALFF and task activation.
Each voxel's slope correction coefﬁcient was calculated as the abso-
lute value of the local slope relative to the 99%-quantile of all local
slopes of the subject:
SCC ¼ slopej j
q:99 slopesð Þ
:
The normalization of the SCC by the division of the slope by the 99%
quantile was used to account for global between-subject differences in
local slopes. The SCC itself, however, can be problematic as a scaling fac-
tor since most values (i.e. all voxels from regions not activated during
the task) are near 0, inﬂating corrected betas to arbitrarily large values.
To avoid these problems, the corrected beta values are computed as:
βcorrected ¼
β
1þ SCC :
This means that the denominator of this last formula lies between
1 and 2 for 99% of the voxels, and larger values for the remaining 1%.
Thus, the βcorrected can only take values between 0 and the original β,
avoiding the risk of introducing outliers in the dataset in the process
of rescaling.
Up to this point, single-subject data were always used without
smoothing. For subsequent second-level analysis, the corrected task
activation maps were smoothed with a 6 mm FWHM Gaussian kernel
and a group t-test was performed for each voxel. Results of unscaled
and scaled second-level analyses were compared on a voxelwise basis
and in two regions of interest, the primary motor and the visual cortex.
Results
Standard group analyses
Standard analysis shows activation during the visuo-motor task lo-
cated in clusters in the left primary motor cortex (M1), the supplemen-
tarymotor areas (SMA), the occipital visual cortex aswell as in the basal
ganglia. Task-induced deactivationswere found in anterior and posteri-
or cingulate cortex and in the right postcentralgyrus (see top part of
Fig. 1). Mean fALFF values (shown in the bottom part of Fig. 1) were
found to be highest in the gray matter, with slightly higher values in
Fig. 1. Top: Random effect group activation maps of visuo-motor task using standard analysis. The maps show t-values from voxelwise group t-tests thresholded at |t|=4.25. Activation
can be seen in occipital cortex, primary motor cortex as well as in the basal ganglia, while deactivations can be seen in anterior and posterior cingulate cortex as well as in parts of the
prefrontal cortex, all of these regions being part of the default-mode network. Bottom: Mean fALFF map calculated from all subjects' smoothed fALFF maps.
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might be related to the use of a 32-channel head coil, which introduces
some intensity inhomogeneity (more signal in the most anterior and
the most posterior regions). The intensity inhomogeneity correction
greatly reduces this inﬂuence, but some residual intensity differences
between the most anterior and posterior brain regions as compared to
more central ones can be seen in the distribution of the fALFF values.
Voxelwise inter-subject correlation
Voxelwise inter-subject correlation between fALFF and magnitude
of task activation was found to be statistically signiﬁcant mainly in
task active areas of the brain, with positive correlations in task positive
areas, and negative correlations in task negative areas. Fig. 2 shows the
localization of voxels with high inter-subject correlation, as well as
typical correlation patterns between task activation amplitude and
fALFF between subjects in left motor as well as occipital cortex. It can
be seen that, while a general tendency towards improvement in task-
activated areas can be seen, the general distribution pattern of the cor-
relation coefﬁcients is not limited to these areas and can be described as
patchy. Notably, there is no correlation in the subcortical areas identi-
ﬁed as activated in Fig. 1, i.e. in the basal ganglia and the thalamus.
Intra-subject local correlation
Single-subject level correlation patterns between magnitude of
activation in the visuo-motor task and resting-state fALFF are shown
for four representative subjects in Fig. 3. Within task-positive regions,
a positive correlation between these two variables can be observed in
almost all subjects (all subjects had signiﬁcantly increased slopes in
the motor cortex, 46 out of 47 subjects had signiﬁcantly increased
slopes in the visual cortex), as exempliﬁed by the points highlighted
in green and red, representing voxels in the left motor cortex and oc-
cipital cortex respectively. Conversely, in task-deactivated regions
(exempliﬁed by the points highlighted in blue in Fig. 3), local correla-
tions were found to be negative (the slopes in the posterior cortex of
45 out of 47 subjects were signiﬁcantly negative).
Voxelwise SCC
Local correlation strengths within 3×3×3 voxel cubes are highest
in cubes centered on task-activated voxels, with positive correlations
in task-activated areas and negative correlations in deactivated areas.The t-maps of both local slopes and correlation coefﬁcients at group
level are shown in Fig. 4. In both maps, the broad pattern of the distri-
bution of the task activation itself can be recognized: positive correla-
tions and slopes are located in the left primary motor cortex as well as
occipital and supplementary motor cortices, and negative correlations
occur in the default-mode regions deactivated during the VMP task.
In comparison with the task activation maps in Fig. 1, clusters in
task-deactivated regions are smaller in the SCC and local correlation
maps, and there are no subcortical activation clusters in the basal
ganglia in the SCC and local correlation maps.
RESCALE scaled group statistics
Group t-tests of scaled single-subject results yield the activationmap
in Fig. 5, next to the original, unscaled group results. Direct comparison of
unscaled and scaled t-maps shows that while the location and extent of
activated regions remain the same, t-values in activated regions tend to
increase in the scaled maps: within regions of signiﬁcant positive local
correlation, scaled t-values are visibly higher than unscaled t-values.
The map of differences between unscaled and scaled t-values (see
Fig. 5, bottom) shows greatest improvement of t-values in left primary
and secondary motor cortices as well as in the visual cortex.
For a more detailed quantiﬁcation, the two main activation areas,
the left motor cortex as well as the occipital cortex (as deﬁned by
masks from the unscaled activation maps, thresholded at T=4.25/
p=0.0001 uncorrected/q=0.0005 FDR-corrected), were examined.
The distribution of unscaled and scaled t-values in these regions is
given in Fig. 6, showing a clear right-shift of the distribution. This is
corroborated by the histogram of the voxelwise t-value differences
within the two regions with positive task activation in the bottom
part of this ﬁgure: changes in t-values are mainly positive, the distri-
bution being skewed to the right. Changes in mean activation magni-
tude in both regions between unscaled and scaled t-values are of the
order of 10% of unscaled activation magnitude and are highly signiﬁ-
cant (a t-test over all voxels yields a p-value of pb10−16). Peak
t-values increased by 12.7% in the motor cluster and 37.0% in the oc-
cipital visual cluster, as summarized in Table 1.
Discussion
This study shows that fractional Amplitude of Low Frequency Fluc-
tuations during resting-state fMRI can be employed to signiﬁcantly re-
duce the inter-subject variability of task-based activation maps. More
Fig. 2. Voxelwise inter-subject correlation between fALFF and task activation. Top: Correlation coefﬁcient map thresholded at |r|=0.2. Bottom: Scatter plots of this relationship for two
selected voxels in the left motor (r=0.54, p=3⋅10−5 uncorrected) and occipital cortex (r=0.6, p=2.1⋅10−6 uncorrected), each point representing one of the 47 subjects. Strongest
positive correlations are observed in occipital and left motor cortex, while negative correlations occur mostly in the prefrontal and cingulate cortex.
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state scans are correlated with the local responsivity of brain tissue to
neural activity,we can use these fALFFmaps to performvoxel-wise scal-
ing of parameter estimates to reduce effects from spatial variations in
the amplitude of the hemodynamic response. As such, local correlation
between fALFF and activation magnitude in each voxel's immediate
neighborhood of 26 adjacent voxels can beused to quantify the strength
of the relationship between neurovascular responsivity and magnitude
of BOLD signal change due to task-induced activation. Thus, this mea-
sure can be seen as a factor for scaling BOLD activation by which
single-subject data can be corrected to more clearly distinguish the sig-
nal of interest. Smoothing can then be applied to scaled single-subject
data for second-level analysis in the presence of anatomical differences
between subjects.
RESCALE group statistics yield higher sensitivity for the detection of
task-based activations, as can be seen in the increase in t-values shown
in Fig. 6. Regions in the occipital and motor cortex showed increases of
t-values and thus higher signiﬁcance levels, whereas the basal ganglia,
which were also activated in the original analysis, had no signiﬁcant
correlation of activation magnitude and fALFF and unchanged signiﬁ-
cance in the scaled dataset. Thus, applying the RESCALE approach
seems to be most effective in cortical regions, and perhaps less so in
subcortical regions.
The scaling method presented here represents an extension of
previous work on correction methods for physiological effects. Earlier
studies have established an inﬂuence of variation of arterial CO2 con-
centration, as induced by inhaling CO2-enriched air or by breath hold-
ing (Kannurpatti and Biswal, 2008), as well as global inﬂuence of ALFF
values on task activation (Di et al., 2012). This improved method in-
troduces the assessment of local correlation strength of fALFF and
task activations in the neighborhood of each voxel to gain a more spe-
ciﬁc correction factor.
Local scaling on single-subject level can be seen to address two chal-
lenges of earlier methods. First, anatomical differences between subjects
have limited the potential of simple correction at group-level (see Fig. 2);this was resolved by computing scaling factors on single-subject level.
Second, variability in the relationship between fALFF values and task ac-
tivation magnitude between different brain regions precludes a mean-
ingful global normalization of single-subject activation maps; this was
avoided by the local nature of the method proposed herein. For these
reasons, activation scaling probably works best on a voxel-wise single-
subject level.
Between-subject correlation of (f)ALFF and task activations has
proven insufﬁcient for group-level correction of activation maps in
our study because of the spatial heterogeneity in the association
between these two variables. Fig. 2 clearly shows the extent of this het-
erogeneity: while basic patterns can be discerned, for example the gen-
erally higher correlation in visual and motor areas, the boundaries
between active and inactive regions cannot be clearly identiﬁed. With
the local correction based on correlations within subjects, however,
the differences in correlation strength between the two variables in dif-
ferent subjects as well as in different brain regions can be more readily
distinguished. This leads to maps of correlation strength that more spe-
ciﬁcally delineate activated regions, which in this visuo-motor experi-
ment are mostly occipital and motor areas (see Fig. 4).
The local slope scaling method outperforms the between-subject
scaling (compare Figs. 2 and 4) due to its bettermodeling of two sources
of variability for BOLD scaling. One is variability between subjects, indi-
cating that scaling has to beperformed individually for each subject. The
other is variability between different regions in the brain of each single
subject, stressing the need for computing local scaling factors, which
may vary from each voxel or small cluster of voxels to the next.
It remains to be investigated how the local relationship between
fALFF and task activation magnitude extends to other brain areas not
evaluated in this work, e.g. in working-memory or limbic areas. On
the one hand, our result concerning activations in the basal ganglia,
where scaling had no effect using the method presented here, hints
at potentially limited effects of the method in regions with low
resting-state fALFF values and may apply to other subcortical areas as
well. This might be due to other sources of heterogeneity between
Fig. 3. Exemplary single-subject scatter plots of the relationship between fALFF and activation magnitude in the visuo-motor task. Each plot represents values for all in-brain voxels of a
different subject (out of 47), with each point corresponding to one voxel. Voxels highlighted in red, green and blue correspond to the voxels in a 3×3×3 cube around an example voxel in
the occipital (red), leftmotor cortex (green) and posterior cingulate cortex (blue). Voxels in the leftmotor cortex as well as those in the occipital cortex consistently show a positive linear
relationship, while voxels in the (task-deactivated) posterior cingulate cortex show a negative relationship.
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regions, perhaps related to iron accumulation in the basal ganglia
(Haacke et al., 2005).
Moreover, variations in the power of different frequency bands of
resting state ﬂuctuations between regions (Baria et al., 2011) might
pose limitations to the somewhat rigid use of the same frequency
band of 0.01 to 0.08 Hz for the computation of the fALFF values for all
brain regions employed here. For example, physiological differences be-
tween regions with higher power of resting-state ﬂuctuations in thefrequency range of 0.01 to 0.05 Hz (e.g. parietal and frontopolar regions,
cf. Baria et al. (2011)) as opposed to regions with higher power in the
range of 0.05 to 0.1 Hz (e.g. regions in the temporal lobes) might have
implications on the best frequency band to use for scaling in these re-
gions. Furthermore, Zou et al. (2012), in investigating the relationship
between ALFF values and task activation, showed that the strength of
the relationship varied depending on task load in a working memory
task: this might also be the case for the relationship between fALFF
and task parameter estimates presented here, but a different paradigm
Fig. 4. Strength of local relationship between fALFF and activation magnitude, measured by correlation (top) and slope (bottom). Maps presented here are t-values from group t-test of
smoothed single-subject z-transformed local correlation coefﬁcients and regression slopes, thresholded at |t|=4.25. Regions with positive correlations and slopes broadly correspond to
regions with positive task activation, with the notable exception of the basal ganglia, and regions with negative correlations and slopes correspond to task-deactivated regions (cf. Fig. 1).
86 K. Kalcher et al. / NeuroImage 70 (2013) 80–88than the VMP employed in our study is needed to investigate this in
more detail.
A further caveat to note is the potential order effect of paradigms.
Duff et al. (2008) showed that resting-state connectivity and spectral
measures are dependent on other paradigms used in the scan session. In
our study, paradigmorderwas randomized for all but theﬁrst paradigm
in each scan session (the ﬁrst measurement was always the VMP), and
the number and type of paradigm(s) preceding the resting-state scan
were thus different across subjects; since the effects seen here are con-
sistent across subjects despite different paradigm orders, it is unlikely
that they are rooted in order effects. Still, all other paradigms presented
to the subjects during the session in one way or another employed
visual stimulations and subject responses by pressing buttons with
the ﬁngers of the right hand, so some effect from the previous para-
digms on resting-state connectivity of the regions investigated here
cannot entirely be ruled out, and a replication of the result using a
scan session where the resting-state scan is performed before any
other paradigmswould be desirable. In any case, the order of paradigmsFig. 5. Comparison between unscaled (top) and RESCALE-processed (center) group-level activ
the same, but (absolute) t-values within the clusters are generally increased after the RESCALE
than 1. Improvements can be seen in left primary and supplementary motor cortex as well asshould be kept inmindwhen considering the use of resting-state-based
correction of task fMRI data.
Potential advantages of the RESCALE method are increased sensi-
tivity in the detection of BOLD responses to stimuli in task-based
fMRI experiments, which might be most effective in cortical regions,
and perhaps less so in subcortical regions. While task activation of
motor and visual areas in the right-hand ﬁnger tapping experiment
presented here is easy to detect with standard methods as well, the
scaling can be employed in tasks where one expects more subtle ef-
fects which might be more difﬁcult to detect. Furthermore, a high
across-scan reliability of low frequency ﬂuctuations (Zuo et al.,
2010) might lend itself to the use of fALFF-based scaling of fMRI
data across multiple scan sessions of the same subjects, enhancing
in particular the power of longitudinal fMRI studies. Still, it is not en-
tirely clear how reliably the subject-speciﬁc structure of the relation-
ship between activation magnitude and fALFF can be reproduced
between multiple scan sessions for each subject. Investigations into
this potential between-session variability might provide insights onation maps. Both maps show t-values thresholded at |t|=4.25. Activation clusters remain
procedure. Bottom: Differencemap showing voxels with absolute t-value changes greater
in the occipital cortex, with no signiﬁcant differences in t-values in other regions.
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Fig. 6. Top: Distribution of T values for the voxels in themotor (left) and visual (right) ROIs. Bottom: Distribution of differences between scaled and unscaled t-valueswithin the same two
ROIs. The scaling increases T values in the activated regions, as can be seen in the right-shift in the histograms in the top rowaswell as in themainly positive values in the histograms in the
bottom row. Note that the ROI masks are deﬁned by the original (unscaled) functional activation clusters seen in Fig. 1, and that the motor cluster includes the basal ganglia.
87K. Kalcher et al. / NeuroImage 70 (2013) 80–88the inﬂuence of measureable physiological confounders of the rela-
tionship between fALFF and task activation, and thus the exact nature
and origin of this relationship itself.
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